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Abstract. This paper introduces a new methods for three-dimensional(3D) 
ocean bathymetry reconstruction using Airborne TOPSAR Synthetic Aperture 
data. The new method is based on integration between Fuzzy B-spline and 
Volterra algorithm. Volterra algorithm is used to simulate the ocean surface 
current from TOPSAR data. Then, ocean surface current information used as 
input for continuity equation to estimate the water depths at different locations 
in TOPSAR data.  This study shows that  3D ocean bathymetry can be 
reconstructed from TOPSAR data. The maximum water depth of 20 m can be 
captured from TOPSAR data. 
Keywords: TOPSAR polarised data, Volterra model, Fuzzy B-spline algorithm,   
Bathymetry. 
1   Introduction 
Synthetic aperture radar (SAR) images are the kernel of tremendous number of 
applications in spite of  the noise present on the SAR images. However, scientists and 
researchers have made excellent efforts to  extract and visualize 3D objects in SAR 
data. In this context, the extraction of 3D data from SAR imaging has been studied by 
using several techniques such as radargrammetry and interfermetry SAR (InSAR) 
[24].   However,  3D SAR applications to underwater bathymetry are required certain 
techniques which are involved integration of the nonlinear model and in situ 
measurements of sea surface parameters [10]. According to this prospective, several 
theories concerning the radar imaging mechanism of underwater bathymetry have 
been established, such as by Alpers and Hennings [1] Shuchman et al[17]; and 
Vogelzang[20].  The physical theories describing the radar imaging mechanisms for 
ocean bathymetry are well-understood as three stages: (i) the modulation of the 
current by the underwater features, (ii) the modulation of the sea surface waves by the 
variable surface current, and (iii) the interaction of the microwaves with the surface 
waves[1].  The imaging mechanism which reflects under water topography in a given 
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SAR image consists of three models. These models are a flow model, a wave model 
and the SAR backscatter model. These theories are the basis of commercial services 
which generate bathymetric charts by inverting SAR images at a significantly lower 
cost than conventional survey techniques [21]. In this context, Hesselmans et al [8] 
developed the Bathymetry Assessment System, a computer program which can be 
used to calculate the depth from any SAR image and a limited number of sounding 
data points. They found that the imaging model was suitable for simulating a SAR 
image from the depth map. It showed good agreement between the backscatter in both 
the simulated and airborne-acquired images, when compared, with accuracy (root 
mean square) error of + 0.23 m within a coastal bathymetry range of 25-30m.  
However, the high speckle noise in SAR images has posed great difficulties in 
inverting SAR images for determining coastal bathymetry. Speckle is a result of  
coherent interference effects among scatterers which are randomly distributed within 
each resolution cell. The speckle size, which is a function of the spatial resolution, 
induces errors in bathymetry signature detections. In order to reduce these speckle 
effects, appropriate filters, i.e  Lee, Gaussian, etc. [12], could be used in the pre-
processing stage.  The effectiveness of these speckle-reducing filters is however much 
influenced by local factors and application. Since the SAR images  the sea surface, all 
speckles in SAR images are related to local changes in the surface roughness. This 
can be due to direct reduction of the wave height (due to slicks), wind induced 
roughness changes (atmospheric effects) or wave-current interactions (fronts and 
bathymetry). By contrast, Yu and Scott[19] stated several limitations of the speckle 
filtering approach. They reported that the size and shape of the filter window can 
affect the accuracy level of despeckle filters. For instance, too large window size will 
form a blurred  output image, while a small window will decrease the smoothing 
capability of the filter and will leave speckle. They also found that window shape can 
lead to changes in the  physical characteristics of features in a SAR image. For 
instance a square window (as is typically applied) will lead to corner rounding of 
rectangular features. In spite of using despeckle filters to perform edge enhancement, 
speckle in the neighborhood of an edge (or in the neighborhood of a point feature with 
high contrast) will remain after filtering. Furthermore, the thresholds used in the 
enhanced filters, although motivated by statistical arguments, are ad hoc 
improvements that only demonstrate the insufficiency of the window-based 
approaches. The hard thresholds that enact neighborhood averaging and identity 
filtering in the extreme cases lead to blotching artifacts from averaging filtering and 
noisy boundaries from leaving the sharp features unfiltered [19]. 
In the case of bathymetry mapping not all the filters stated in the literature are 
suitable for bathymetry application. In fact, SAR data have discontinuities and lower 
grey levels gradient. Furthermore, by applying some kinds of filter such as Lee, most 
of bathymetry signature information will be lost.  In this context, Inglada and Garello, 
[9] stated that an anisotropic diffusion filter is more appropriate for speckle reduction 
in the case of  bathymetry signature detection in a SAR image. They concluded that  
the anisotropic diffusion filter produced the highest smoothed image as the 
anisotropic diffusion filter preserves the mean grey-level and maintains the 
bathymetry signature compared to Lee filter. Nevertheless, Inglada and Garello, 
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[9],[10] were not able to state the accuracy rate of utilizing the Volterra model and 
anisotropic diffusion filter for SAR bathymetry reconstruction.  
In this paper we address the question of reducing the effect of speckle on the 
accuracy of depth determination in coastal waters using SAR data without needing to 
include any sounding data values.   This is demonstrated with airborne SAR data 
(namely the TOPSAR) using integration of the Volterra kernel [9] and Fuzzy B-spline 
models [14].  Four hypotheses examined are: (i) the Volterra model can be used to 
detect ocean surface current from TOPSAR polarised data, (ii) there are significant 
differences between the different bands in detecting ocean currents, (iii) the continuity 
equation can be used to obtain the water depth, and (iv) Fuzzy B-splines can be used 
to invert the water depth values obtained by the continuity equation into 3-D 
bathymetry.     
2   Methodology 
2.1   Data Set 
The Jet Propulsion Laboratory  (JPL) airborne  Topographic Synthetic Aperture Radar 
(TOPSAR) data were acquired on 6 December 1996 over the coastline of Kuala 
Terengganu, Malaysia,  from 103° 5’E to 103° 9’E and 5° 20’N to 5° 27’N. TOPSAR 
is a NASA/JPL multi-frequency radar imaging system aboard a DC-8 aircraft and 
operated by NASA’s Ames Research Center at Moffett Field, USA. TOPSAR data 
are fully polarimetric SAR data acquired with HH-, VV-, HV- and VH-polarized 
signals from 5m x 5m pixels, recorded for three wavelengths: C band (5 cm), L band 
(24 cm) and P band (68 cm).  A further explanation of TOPSAR data acquisition is 
given by  Melba et al. [15].  
2.2   3-D Coastal Water Bathymetry Model 
Two models are involved for bathymetric simulation: the Volterra model and the 
Fuzzy B-spline model. The Volterra model is used to simulate the current velocity 
from TOPSAR data. The simulation current velocity is used with the continuity 
equation to derive the water depth variations under different current values. The 
Fuzzy B-spline is used to reconstruct the two-dimensional water depth to a 3D 
dimensional. 
2.3   Volterra Model    
The Volterra model can be used to express the SAR image intensity as a series of 
nonlinear filters on the ocean surface current.  This means that the Volterra model can 
be used to study the image energy variation as a function of parameters such as the 
current direction, or the current waveform. A generalized, nonparametric framework to 
describe the input–output x and y  signals  relation of a time-invariant nonlinear system 
is provided by Inglada and Garello[9]. In discrete form, the Volterra series for input, 
X(n), and output, Y(n) as given by Inglada and Garello [10] can be expressed as: 
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where, n, i1 , i2 ,...,ik , are discrete time lags. The function hk(i1 ,i2 ,...,ik) is the kth-
order Volterra kernel characterizing the system. The h1 is the kernel of the first order 
Volterra functional, which performs a linear operation on the input and h2 , h3 ,...,hk 
capture the nonlinear interactions between input and output TOPSAR signals.  The 
order of the non-linearity is the highest effective order of the multiple summations in 
the functional series. 
Following Inglada and Garello [9], the modification of the Volterra kernels 
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 of the frequency domain  for  the current flow in the range direction can 
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where 〉〈→U  is the mean current velocity, yu? is the current flow along the range 
direction while xu
?
is  current gradient along  the azimuth direction. ky is the wave 
number along the range direction,  K
?
 is the spectra wave vector, 0ω is the angular 
wave frequency, gc
?
is the group velocity, ψ  is the wave spectra energy, v stands for 
the Volterra kernel frequency along the azimuth and range directions  and R/V is the 
range to platform velocity ratio, in the case of TOPSAR 32 s. 
According to Vogelzang et al. [21],[22] the current movement along the range 
direction can be estimated by  
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 is the linearity of the Fourier transform for the input TOPSAR 
image intensity. The inverse filter ),( yx vvP is used since ),(1 yxy vvH  has a zero 
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for ),( yx vv which indicates that the mean current velocity should have a constant 
offset. The inverse filter ),( yx vvP can be given as 
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Then, the continuity equation is used to estimate the water depth  as given by 
Vogelzang et al. [22]  
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where ζ  is the surface elevation above the mean sea level, which is obtained from 
the tidal table, t is the time and h is the local water depth. The real current data was 
estimated from the Malaysian tidal table of 6 December,  1996. 
 
2.4   The Fuzzy B-splines Method 
The fuzzy B-splines (FBS) are introduced allowing fuzzy numbers instead of intervals 
in the definition of the B-splines. Typically, in computer graphics, two objective 
quality definitions for fuzzy B-splines are used: triangle-based criteria and edge-based 
criteria. A fuzzy number is defined using interval analysis. There are two basic 
notions that we combine together: confidence interval and presumption level. A 
confidence interval is a real values interval which provides the sharpest enclosing 
range for current gradient values. An assumption level μ  -level is an estimated truth 
value in the [0,1] interval on our knowledge level of the gradient current [2],[3],[4]. 
The 0 value corresponds to minimum knowledge of gradient current, and 1 to the 
maximum gradient current. A fuzzy number is then prearranged in the confidence 
interval set, each one related to an assumption level μ    [0,1].  Moreover, the 
following must hold for each pair of confidence intervals which define a 
number: '' hh ?? ⇒μμ . Let us consider a function ': hhf → , of N fuzzy 
variables nhhh ,....,, 21 . Where nh  are the global minimum and maximum values of 
the water depth of the function on the current gradient along the space. Based on the 
spatial variation of the gradient current, and water depth, the fuzzy B-spline algorithm 
is used to compute the function f.  The construction begins with the same pre-
processing aimed at the reduction of measured current values into a uniformly spaced 
grid of cells. As in the Volterra model, data are derived from the TOPSAR polarised 
backscatter images by the application of a 2-dimensional fast Fourier transform. First 
of all, each estimated current data value in a fixed kernel window size of 512x512 
pixels and lines is considered as a triangular fuzzy number defined by a minimum, 
maximum and measured value. Among all the fuzzy numbers falling within a kernel 
window size,  a fuzzy number is defined whose range is given by the minimum and 
maximum values of gradient current and water depth along each kernel window size. 
Furthermore, the identification of a fuzzy number is acquired  to summarize the 
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estimated water depth data in a cell and it is characterized by a suitable membership 
function. The choice of the most appropriate membership is based on a triangular 
number whose support is the range of water depth data in the cell and whose vertex is 
the median value of water depth data[4]. Fig. 1 shows the regions of interest that were 
used to simulate the bathymetric information from L-band with HH polarization. The 
bathymetry information has been extracted from 4 sub-images, where each sub-image 
was 512 x 512 pixels.   
 
Fig. 1. Selected window sizes of A to D with 512 x 512 pixels 
In order to evaluate the simulation method quantitatively, the regression model and 
root mean square were computed for the simulated bathymetry from TOPSAR data 
and bathymetry points extracted from a bathymetric chart of 1998, sheet number 4365 
of 1:25,000 scale. 
3   Results and Discussion  
Fig. 2 shows the signature of the underwater topography.  Underwater topography is 
obvious as frontal lines parallel to the shoreline. This is due to the fact that the ocean 
signature of the boundary is clear in the brightness of a radar return, since the 
backscatter tends to be proportional to wave height [22]. In C-band with VV 
polarization, this feature is clearly weaker than at L –band with HH polarization. It is 
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Fig. 2. Bathymetry signature with different bands 
possible that the character of the current gradient is such that the LHH-band surface 
Bragg waves are more strongly modulated than for CVV band. This may provide an 
explanation for weaker bathymetric signatures at CVV band. The finding is similar to 
that of Romeiser and Alpers [17]. 
Fig. 3 shows the comparison between the 3-D bathymetry reconstruction from the  
topographic map, the LHH band data, and the CVV band data. It is obvious that the 
coastal water bathymetry along the Sultan Mahmud Airport has a gentle slope and the 
bathymetric contours are parallel to the shoreline. Close to the river mouth, the 
bathymetry at this location shows a sharp slope [13]. The LHH band captured a more 
real bathymetry pattern than the CVV band. This result could be confirmed with a 
regression model in Fig.4. Fig. 4a shows the regression relation between the observed 
bathymetry and the results obtained using the CVV band TOPSAR data.   Fig.4b shows 
a similar regression relation for LHH TOPSAR data.   The scatter points in Figure 4b 
are more close to the regression line than those in Fig. 4a. The bathymetry simulation 
from LHH band with r2 value of 0.677. It might be that the HH polarization has a larger 
tilt modulation compared to the VV polarization. Tilt modulation explains that the 
Bragg scattering is dependent on the local incident angle. The long wavelength of L-
band HH polarization modulate this angle, hence modifying the Bragg resonance 
wave length. It might be due to the fact that the first – order Bragg Scattering gives 
good results for long radar wavelengths (L-band), but for shorter radar wavelength 
(C-band) the effects of waves longer than the Bragg waves must be taken into account 
[17],[18].   This could be due to strong current flow from the mouth river of the Kuala 
Terengganu. This study confirms the study of Maged [13],[14]. 
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Fig. 3. Three-dimensional bathymetry reconstructions from (a) real topography map (b) LHH 
Band and (c ) CVV Band  
The visualization of 3-D bathymetry is sharp with the different TOPSAR polarised 
bands and real data due to the fact that each operation on a fuzzy number becomes a 
sequence of corresponding operations on the respective μ -levels , and  the multiple 
occurrences of the same fuzzy parameters evaluated as a result of the function on 
fuzzy variables [6],[7],[8]. It is very easy to distinguish between smooth and jagged 
bathymetry. Typically, in computer graphics, two objective quality definitions for 
fuzzy B-splines were used: triangle-based criteria and edge-based criteria. Triangle-
based criteria follow the rule of maximization or minimization, respectively, of the 
angles of each triangle [6],[8],[9]. The so-called max-min angle criterion prefers short 
triangles with obtuse angles. This finding confirms those of Keppel [11],[5]. The 
distinction between smooth and rough bathymetry can be seen in Figure 6 where the 
symmetric three-dimensional structure of the bathymetry of a segment of a connecting 
depth. Smooth sub-surfaces appear in Fig.3 where the near-shore bathymetric contour 
of 5 m water depth runs nearly parallel in 3D-space to the coastline. A rough sub-
surface structure appears in steep regions of 20 m water depth. This is due to the fact 
that the fuzzy B-splines considered as deterministic algorithms which are described 
here optimize a triangulation only locally between two different points [2]. This 
corresponds to the feature of deterministic strategies of finding only sub-optimal 
solutions usually.  The three-dimensional bathymetry construction is not similar to the 
study of Inglada and Garello [9], such that in the latter the bathymetry was 
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Fig. 4. Regression model between real water bathymetry from bathymetry chart and (a) water 
bathymetry from CVV Band  ( r2=0.62;  y=0.89x+1.89) and (b) LHH Band (r2=0.68;y=0.75+3.46) 
constructed in the shallow sand waves due to the limitation of  the inversion of the 
linear kernel of the Volterra  model. The integration of the inversion of the Volterra 
model with fuzzy B-splines improved the three-dimensional bathymetry 
reconstruction pattern. 
The accuracy standards for hydrographical charting with acoustic or mechanical 
based sounding defined as the total error of derived depths, should not exceed, with 
probability of 90%, +0.3m for depths less than 30m or 1% of the depths greater than 
30m[16],[23]. This is in fact a very stringent requirement, and the derived bathymetric 
information from non-contact techniques including laser bathymetric sensors [7] 
which at present are very much dependent on the clarity of water for achieving high 
accuracy as stipulated in International Hydraulic  Organization (IHO).  However for a 
general survey to identify moving shoals within navigational channel or coasts, for 
large aerial reconnaissance, this technique demonstrates its potential at relatively low 
cost before detailed surveys can be carried out.  In the case of this study, the TOPSAR 
data was acquired at 10m resolution, adequate only for extracting bathymetric 
information with 7.23m accuracy.  Based on Forster [5],[6], the relationship of spatial 
resolution of data and the level of three-dimensional information that can be 
determined it is Pm < 3x10-4 Sm ; where Pm  is pixel size of the satellite data, and Sm  is 
the map
 
scale. For 10m pixel size this implies a scale of around 1:30,000, for which 
the smallest mmu is around +15m based on the pointing accuracy of 0.5mm on the 
map scale. In this context, an error of + 7.2 m in depth was acquired with LHH band 
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with 10 m spatial resolution of TOPSAR data. Furthermore, high spatial resolution 
data with 1 m could potentially improve the bathymetric map with an error of +0.7m. 
4   Conclusions 
This work has demonstrated the three-dimensional bathymetry reconstruction from 
TOPSAR polarized data. The Volterra and fuzzy-B splines algorithms are used to 
reconstruct the bathymetry pattern  The LHH band provides an better approximation to 
the real bathymetry than does the CVV band. It can be said that the integration between 
the Volterra model and the fuzzy B-splines could be an excellent tool for 3-D 
bathymetry determination from SAR data.    
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